
Journal of Hunan University 

(Natural Sciences） 

Vol. 53 No. 8 

August 2026

Available online at 

https://jonuns.com 

 Copyright: © 2026 by the authors. Licensee JHU 

This article is an open-access article distributed under the terms and conditions of the Creative Commons Attribution License 

(http://creativecommons.org/licenses/by/4.0)

Open Access Article  https://doi.org/10.55463/issn.1674-2974.53.8.2 

Cascade Control of a 2R Planar Robot for Trajectory Tracking Using an 

Ensemble MLP-Based Inverse Kinematics 

Angie Paola Mancipe García 1, Nicolás David Barrera Fonseca 1, Jorge E Cote-Ballesteros 1, 

Jhon Edisson Rodríguez Castellanos 1, Fabián Barrera Prieto *1 

1 Department of Mechatronics, Engineering Faculty, Universidad ECCI, Bogotá, Colombia, 

* Corresponding author: fbarrerap@ecci.edu.co

Article History: 

Received:  June 12, 2026 

Revised: July 20, 2026 

Accepted: August 7, 2026 

Published: August 31, 2026 

Abstract: This article presents the design and implementation of a cascade control scheme applied to a two 

degree of freedom (2R) planar robot, focused on trajectory tracking. The system architecture integrates three 

hierarchical loops: current, speed, and position. The current loop was characterized using the Smith two-point method, 

while the speed and position loops were tuned using the relay method of Åström and Hägglund, thus enabling the 

tuning of PI controllers. The actuators are DC motors equipped with incremental encoders for position and speed 

measurement, along with INA219 sensors for current measurement, programmed through the NUCLEO 

STM32F746ZG board. In addition, the Raspberry Pi 4 was responsible for supervision, trajectory processing, 

graphical interface, and neural network execution. Inverse kinematics was solved using an ensemble model of 

Multilayer Perceptrons (MLP) trained with synthetic data, achieving an RMSE of 0,1046° in 𝜃1 and 0,0533° in 𝜃2,

outperforming individual models. The motors achieved settling times close to 1 s, overshoots below 3%, and steady-

state errors under ±0,12°. The system demonstrated precision in contour tracing, obtained through real-time image 

processing (e.g., the Windows logo), highlighting the feasibility of integrating cascade control and neural networks 

into low-cost embedded systems, with applications in education, automation, and robotic prototypes. 
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基于集成多层感知机（MLP）逆运动学的 2R 平面机器人轨迹跟踪级联控

制

摘要：本文提出了一种应用于二维自由度（2R）平面机器人的级联控制方案的设计与实

现，重点关注轨迹跟踪。系统架构集成了三个层级控制回路：电流环、速度环和位置环。电

流环采用 Smith 双点法进行辨识，而速度环和位置环则采用 Åström 与 Hägglund 的继电反馈法

进行整定，从而实现了 PI 控制器参数的调节。执行器采用配备增量式编码器的直流电机，用

于位置与速度测量，并结合 INA219 传感器进行电流测量，所有控制均通过 NUCLEO 

STM32F746ZG 开发板实现。此外，Raspberry Pi 4 负责系统监控、轨迹处理、图形界面以及

神经网络的运行。 

逆运动学问题通过使用基于合成数据训练的多层感知机（MLP）集成模型求解，在 θ₁ 上

获得了 0,1046° 的 RMSE，在 θ₂ 上获得了 0,0533° 的 RMSE，其性能优于单个模型。电机实现

了接近 1 s 的稳定时间、低于 3% 的超调量以及小于 ±0,12° 的稳态误差。系统通过实时图像处

理（例如 Windows 标志）的轮廓轨迹跟踪验证了其精度，突出了将级联控制与神经网络集成

于低成本嵌入式系统中的可行性，可应用于教育、自动化以及机器人原型开发等领域。 

. 

关键词：人工智能，多层感知机（MLP）神经网络，机器人学，逆运动学，分层控制，

级联控制，轨迹跟踪，Raspberry Pi 4，STM32F746ZG. 

1. Introduction
Motion control in robotic systems is essential to

ensure stable dynamic behavior in the presence of 

trajectory changes and disturbance rejection. Among 

various control strategies, the cascade control scheme is 

highly effective for electric motors. It enables 

hierarchical regulation of key variables, specifically 

current, speed, and position. This architecture organizes 

the control loops at different levels: an inner loop for 

current, an intermediate loop for speed, and an outer 

loop for position, providing a faster and more accurate 

response than single-loop approaches [1-3]. 

Furthermore, formal methods for cascade control design 

have been proposed. These allow for the direct 

calculation of gains using analytical relations based on 

pole placement, which ensures systematic and 

reproducible tuning [4]. 

Its application is widely documented for DC and 

BLDC motors. In these systems, multilevel cascade 

schemes employing PI/PD controllers significantly 

enhance dynamic performance and disturbance 

rejection, particularly when pulse width modulation 

(PWM) is used for motor driving [5-7]. Moreover, 

optimization techniques, such as the well-known 

Simulated Annealing algorithm, have been explored to 

tune controller parameters in brushless motor 

applications. This approach effectively enhances system 

stability, response speed, and overshoot reduction [8]. 

These approaches not only enhance performance but 

also facilitate practical implementation in contexts 

where manual fine-tuning is complex or poorly 

reproducible. 

Recent studies also highlight the integration of 

cascade control schemes in low-cost embedded systems, 

particularly those implemented on STM32 

microcontrollers. These devices enable the execution of 

current, speed, and position loops in real time, ensuring 

stability and low resource consumption. For instance, in 

[9] a low-cost PID control implementation was

presented for academic environments, demonstrating 

that this platform provides versatile and reliable support 

for teaching digital control without requiring specialized 

hardware. 

In [10], a real-time PID control scheme was 

implemented for a DC motor system, demonstrating 

stable performance and suitable dynamic response under 

experimental conditions. Similarly, a dual-loop fuzzy-

PID speed control scheme for a DC motor was proposed 

in [11]. This implementation leverages the 

microcontroller’s processing capabilities to improve 

adaptation to disturbances and load variations. These 

results confirm that the STM32 microcontrollers are 

efficient and flexible for the execution of advanced 

control algorithms, reinforcing their suitability for 

compact robotic applications. 

Given the nonlinear dynamics, joint coupling, and 

sensitivity to uncertainties inherent in robotic 
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manipulators, standalone PID schemes often fail to meet 

high-precision trajectory tracking requirements [12, 13]. 

Beyond the limitations of cascade control, the 

complexity of inverse kinematics, which is often 

hindered by computationally expensive formulations 

and singularity risks, further restricts traditional control 

methods. Consequently, this motivates the integration of 

artificial intelligence to enhance motion accuracy and 

system robustness. 

2R robots are widely used as benchmarks in 

academic research. Their simple morphology facilitates 

dynamic modeling and provides an ideal platform for 

testing control techniques and inverse kinematics 

algorithms [14-16]. These manipulators require precise 

coordination among their actuators, such as direct 

current motors, in conjunction with incremental 

encoders that provide real-time feedback. This setup 

provides the necessary framework for testing the 

proposed cascade control scheme and assessing the 

performance of the MLP neural network in solving 

inverse kinematics. 

Classical analytical or numerical methods for the 

inverse kinematics of serial-configuration robots show 

several limitations, regarding both singular positions 

and orientations [17-20]. Given these constraints, deep 

neural networks (DNNs) based on multilayer perceptron 

(MLPs), have emerged as effective alternatives. These 

networks allow for the modeling of nonlinear 

relationships, significantly improving accuracy in 

redundant manipulators compared to classical methods 

[21-23]. Several studies have demonstrated their 

application in industrial manipulators and Delta robots, 

achieving real-time control with low error [24, 25]. 

Furthermore, recent reviews highlight the potential 

integration of these approaches into broader planning 

and control frameworks that consider environments with 

obstacles [26]. 

On the other hand, recurrent neural networks (RNNs) 

have been employed to model SCARA robots, 

eliminating the need for an explicit dynamic model [27], 

[28]. Similarly, they have been used to control robotic 

prostheses based on brain signals [29]. Their 

applicability has even been demonstrated in embedded 

systems for intelligent processing tasks, such as 

computer vision systems with Raspberry Pi [30-33]. 

Nevertheless, analytical methods remain useful in 

unconventional configurations, such as manipulators 

mounted on vehicles with hybrid joints [34], or in robots 

with highly nonlinear dynamics such as the bicycle robot 

[35]. 

The characterization of robotic manipulators by 

nonlinear dynamics, joint coupling, and sensitivity to 

uncertainties makes precise trajectory tracking a 

significant engineering challenge. Although cascade 

control schemes are widely valued for their robustness 

in electric actuators [12, 13], and MLP neural networks 

have proven effective for solving inverse kinematics by 

overcoming analytical model complexities and 

singularities [36], [37], existing literature often 

addresses these aspects independently. Studies 

frequently focus on isolated motor control or neural-

based position prediction, lacking an integrated 

approach suitable for real-time operation in low-cost 

platforms where computational efficiency is critical. 

Consequently, there is a clear need for a unified 

framework that combines lightweight control 

algorithms, neural-based kinematics, and machine 

vision within a distributed embedded architecture.  

This work addresses this problem by proposing the 

real-time integration of a comprehensive robotic 

solution on a low-cost platform. The main novelty lies 

in the synergy of four complementary components: (i) a 

three-level cascade control architecture (current, speed, 

and position) implemented on an STM32F746ZG 

microcontroller [38], [39], incorporating current 

monitoring via INA219 sensors to prevent actuator 

overload [40], [41]; (ii) an ensemble of MLP neural 

networks trained with synthetic data for accurate inverse 

kinematics computation; (iii) image-based contour 

extraction and trajectory generation executed on a 

Raspberry Pi 4 [42], [43]; and (iv) a distributed 

embedded architecture ensuring reliable real-time 

communication via UART. By consolidating these 

techniques, this study provides a validated framework 

that improves trajectory tracking accuracy achieving an 

RMSE of 01046° for 𝜃1 and 0,0533° for 𝜃2 offering a 

practical and scalable solution for robotics education, 

rapid prototyping, and lightweight automation 

applications. 

Finally, the article is structured as follows: Section II 

describes the system architecture. Section III explains 

the inverse kinematics model based on neural networks. 

Section IV details the cascade control strategy. Section 

V analyzes the experimental results. Section VI provides 

the conclusions and possible directions for future work. 

Section VII presents the acknowledgments for the 

development of this work. 
 

2. System Architecture 
Table 1 summarizes the main hardware components 

of the proposed robotic system, including the processing 

and control units, actuators, sensors, communication 

protocols, and their primary functions. 

 
Table 1 Summary of the system architecture (Authors) 

Category Component 
Primary function 

Control 

NUCLEO 

STM32F746Z

G 

Executes cascade 

control (current, 

speed, and position) 

for DC motors. 

Processing Raspberry Pi 4 

Performs kinematic 

computations, 

machine vision 
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processing, and GUI 

management. 

Actuator DC Motors  
Drive the primary 

motion. 

Actuator 
MG90 

Servomotor 

Controls the vertical 

(Z-axis) movement. 

Sensor 
Incremental 

Encoders 

Provide position and 

speed feedback 

signals to the STM32. 

Sensor 

INA219 

Current 

Sensors 

Monitor current 

consumption to 

prevent actuator 

overload. 

Sensor Camera 

Captures visual 

information for the 

machine vision 

system. 

Driver/Interface L298 Driver 

Regulates motor 

power via PWM 

signals. 

Dirver/Interface 
Logic-Level 

Converter 

Adapts PWM signals 

to 5V levels for the 

MG90 servomotor. 

Comunication 
Bidirectional 

UART 

Ensures real-time 

coordination between 

the Raspberry Pi and 

the STM32. 

Comunication 
VNC 

(Software) 

Enables remote 

observation and 

control of the system 

from a computer. 

Comunication I2C 
INA219 sensor 

comunication 

 

 

Figure 1. System interconnection (Authors) 

 

Figure 1 and figure 2 shows the general scheme of 

the proposed multiplatform integration, detailing the 

interaction between the Raspberry Pi 4 and the 

STM32F746ZG board. The Raspberry Pi manages the 

graphical user interface, through which the operating 

mode is selected, and subsequently generates the 

reference coordinates of the trajectory that are processed 

by the neural network to compute the inverse kinematics 

(𝜃1 and 𝜃2). The STM32F746ZG board receives these 

angular positions for each point along the trajectory and 

executes the cascade control of the DC motors, 

considering feedback from the sensors (encoders and 

INA219). 

 

 

 
Figure 2. Logic of the multiplatform integration (Authors) 

 

3. Inverse Kinematics Based on Artificial 

Neural Networks (MLP) 
The neural-network-based model aims to replace the 

conventional computation of inverse kinematics with a 

learning approach using synthetic datasets. In this work, 

a Multilayer Perceptron (MLP) network was employed, 

whose structure is illustrated in Figure 3, consisting of 

an input layer, one or more hidden layers, and an output 

layer. Each neuron is connected to those in the 

subsequent layer, transmitting information in a single 

direction from input to output through weighted 

connections and nonlinear activation functions. This 

architecture enables data transformation, the learning of 

complex relationships between variables, and the  

approximation of nonlinear functions, making MLPs an 

effective alternative for solving the inverse kinematics 

of robots without relying on specific analytical models 

[44].  

The neural network is trained using the 

backpropagation algorithm, which adjusts the 

connection weights to minimize the difference between 

predicted and actual values [45]. The output of each 

neuron is computed using Equation (1), where 𝑥𝑖 

represents the inputs, 𝑤𝑖 the weights that determine the 

importance of each input,  𝑏 the bias that shifts the 

activation function, 𝑓(⋅) the activation function that 

introduces nonlinearity, and 𝑦 the resulting output. 
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Figure 3. Architecture of the MLP Neural Network 

(Authors) 

 

 

𝑦 = 𝑓 (∑ 𝑥𝑖𝑤𝑖

𝑛

𝑖=1

+ 𝑏)                   (1) 

 
For training, a dataset is generated in Google Colab 

using Python [46] , where the physical parameters of the 

robot, the dimensions of the links  (𝑙1, 𝑙2) and the height 
(ℎ) are defined. Simulations were performed with 

angular variations in the range of 0 to 𝜋, with an 

increment of 0,001 radians; applying the Homogeneous 

Transformation Matrix (HTM) to obtain Cartesian 

positions. The dataset consists of 9.872.164 samples, 

which were uniformly distributed throughout the entire 

workspace including near-boundary configurations and 

excluding non-singularities [46]. The final model 

consists of an ensemble scheme of three MLP neural 

networks, taking the Cartesian coordinates (𝑋, 𝑌) as 

inputs and estimating the angles 𝜃1 and 𝜃2 as outputs. 

For the training process, libraries such as TensorFlow, 

SciPy, and scikit-learn are employed, using the Adam 

optimizer and the MSE loss function [47]. The key 

training parameters are summarized in Table 2. 

 
Table 2 Configuration of the neural network (Authors) 

Parameters Value 

Input Variables 𝑋, 𝑌 

Output Variables 𝜃1, 𝜃2 

Training Data 70 % 

Validation Data 30 % 

Optimizer Adam 

Activation Function Sigmoid 

Loss Function MSE 

Error Metric MAE 

 

4. Cascade Control 
Cascade control is a structure based on hierarchical 

controllers that are successively connected, considering 

two or more feedback loops; thus, the output of the 

primary (outer) controller serves as the setpoint for the 

secondary (inner) loop. The inner control loop must 

ensure the fastest dynamics in order to reject 

disturbances that may occur within those loops. Figure 

4 shows the cascade control scheme implemented in this 

work, which is composed of three loops: current, speed, 

and position, each equipped with a PI controller in an 

ideal architecture. 

The choice of PI controllers was based on their 

balance between performance and simplicity. In the 

inner current and speed loops, derivative action was 

omitted because it is not necessary. PI controllers 

therefore provide an appropriate compromise among 

fast dynamics, disturbance rejection, implementation 

simplicity, and zero steady-state error [48]. 

 

 
Figure 4. Block diagram of the Cascade control 

(Authors) 

 

The ideal PI controller is given by Equation (2). 

𝑢(𝑡) = 𝐾𝑝 (𝑒(𝑡)  + 𝐾𝑖 ∫ 𝑒(𝑡) 𝑑𝑡)         (2) 

 

Where: 

● 𝐾𝑝 is the proportional gain. 

● 𝐾𝑖 is the integral gain. 
● 𝑒(𝑡) represents the error between the setpoint 

and the measured signal. 
 

The characterization and tuning of the PI controllers 

for each of the current, speed, and position loops, 

presented below, are performed with the DC motor 

operating under no-load conditions. 

 

4.1. Current Loop 

 

4.1.1. Characterization 

The INA219 current sensor was configured with a 

sampling period of 8 ms (125 Hz). The measured current 

was filtered using an Exponentially Weighted Moving 

Average (EWMA) filter with a smoothing factor of α = 

0.005, providing effective noise attenuation while 

preserving the dynamic behavior required by the inner 

current control loop. EWMA is presented in Equation 

(3). 

 

𝐼𝑓𝑘 = 𝛼 ⋅ 𝐼𝑚𝑘
+ (1 − 𝛼) ⋅ 𝐼𝑓𝑘−1                    (3) 

 

Where: 

● 𝐼𝑓𝑘  is the actual filtered current. 

● 𝐼𝑚𝑘  is the actual measured current. 

● 𝛼 represent the smoothing factor between 0 and 

1. 
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● 𝐼𝑓𝑘−1  is the previous filtered current. 

 

In Figure 5, the red line indicates the applied PWM 

setpoint of 100%, while the blue line represents the 

motor current response, which reaches 147 mA at steady 

state. 

 
Figure 5. Motor current response (Authors) 

From Figure 5, the static gain 𝐾 is calculated, which 

is given by Equation (4). 

 

𝐾 =
𝑌𝑓𝑖𝑛𝑎𝑙 − 𝑌𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑈𝑓𝑖𝑛𝑎𝑙 − 𝑢𝑖𝑛𝑖𝑡𝑖𝑎𝑙
                   (4) 

 

𝐾 =  1,47 mA/% 
 

The current characterization is presented in the 

Transfer Function (TF) of Equation (5), it was obtained 

using the Smith two-point method for a first-order plus 

dead time (FOPDT) system, where the time constant (𝜏) 

is 45,15 ms and the dead time (𝑡0) is 4,75 ms. 

 

𝐺(𝑠) =
1,47

0,04515𝑠 +  1
⋅ 𝑒0,00475𝑠              (5) 

 

4.1.2. Tuning 

The Smith method optimized by the IAE criterion is 

used to tune the PI controller of the DC motor current. 

The proportional (𝐾𝑐) and integral (𝐾𝑖) gains were 

calculated using Equations (6) to (8), respectively. 

 

𝐾𝑐 = (
𝑎1

𝐾
) (

𝑡0

𝜏
)

𝑏1

                 (6) 

𝑇𝑖  =
𝜏

𝑎2 + 𝑏2 (
𝑡0

𝜏 )
                 (7) 

𝐾𝑖 =
1

𝑇𝑖
                  (8) 

 

Resulting in: 

 

● 𝐾𝑐 = 3,584 % 

● 𝑇𝑖  =  44,42 ms 

● 𝐾𝑖  =  22,5423 s−1 
 

Figure 6 shows the closed-loop response of the 

current controller. 

 

 
Figure 6. Closed-loop motor current response 

(Authors) 

 

 

4.2. Speed Loop 

 

4.2.1. Characterization 

Considering that the current loop is already tuned and 

closed, the Relay method is employed for the 

characterization of speed [49, 50]. Varying current 

setpoints, induced sustained speed oscillations (see 

Figure 7). 

 

 
Figure 7. Motor speed response (Authors) 

 

Based on Figure 7, the oscillation period (𝑡𝑢) is 

0,532 s, the average amplitude of the control signal (𝑑) 

is 75 mA, the amplitude of the system response (𝐴) is 

6,7 rpm, and the ideal amplitude of the system response 

(𝜀) is 6 rpm. With these parameters, the ultimate gain 

(𝐾𝑢) is calculated by Equation (9). 

 

𝐾𝑢  =  
4𝑑

𝜋(𝐴2 − 𝜀2)
                (9) 

𝐾𝑢  =  32,0273 mA/rpm      
 

4.2.2. Tuning 

The static gain of the system was determined through 

Equation (4), based on the parameters from Figure 8, in 

which a current step of 150 mA was applied and the 

achieved speed of 12,4 rpm was measured. 
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Figure 8. Motor speed response with current closed-

loop (Authors) 

 

Thus: 

𝐾 =  0,0826 rpm/mA 
 

With these data, the Åström and Hägglund method 

[51], [52] was used to tune the proportional and integral 

gains of the speed PI controller, using Equations (10) 

and (11), respectively. 

𝐾𝑐  =  
5𝐾𝑢

6
(

12 + 𝐾𝐾𝑢

15 + 14𝐾𝐾𝑢
)               (10) 

 

𝑇𝑖  =  
𝑡𝑢

5
(1 +

4

15
𝐾𝐾𝑢)               (11) 

 

Resulting in: 

● 𝐾𝑐 = 7,5116 mA/rpm 

● 𝑇𝑖 = 0,3315 s 

● 𝐾𝑖 = 3,0166 s−1 
 

Figure 9 shows the response of the speed controller 

with the current and speed closed-loops, highlighting a 

stable response. 

 

 
Figure 9. Closed-loop current-speed cascade 

(Authors) 

 

4.3. Position Loop 

 

4.3.1. Characterization 

With the internal current and speed loops closed and 

tuned, the relay method was applied again to 

characterize the position, generating cyclic oscillations 

(see Figure 10). 

 

 
Figure 10. Motor position response (Authors) 

 

Based on Figure 10, the oscillation period (𝑡𝑢) is 

0,858 s, the average amplitude of the control signal (𝑑) 

is 12 rpm, the amplitude of the system response (𝐴) is 

23,46°, and the ideal amplitude of the system response 

(𝜀) is 20°. With these parameters and using Equation (9), 

the ultimate gain is calculated. 

 

𝐾𝑢  =  1,2459 rpm/° 
 

4.3.2. Tuning 

Based on the parameters from Figure 11, the static 

gain of the system was calculated using Equation (4). By 

applying a position setpoint of 50° with the current and 

speed loops active, and a proportional controller with 

𝐾𝑐 = 1 in the position loop, a stable position of 64,7° 
was obtained. 

 
Figure 11. Motor position response with closed-loop 

current-speed cascade (Authors) 

 

Thus:                 𝐾 =  1,294 rpm/° 

In the same way as in the speed loop, the Åström and 

Hägglund method is used to tune the proportional and 

integral gains of the position PI controller, using 

Equations (10) and (11), respectively. Resulting in: 

● 𝐾𝑐  = 0,3761 rpm/°  
● 𝑇𝑖  =  0,2453 s 

● 𝐾𝑖  =  4,0766 s−1 
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Figure 12 shows the response of the position 

controller with the current, speed, and position closed-

loops, demonstrating that the response is stable. 

 
Figure 12. Closed-loop current-speed-position 

cascade cascade controller (Authors) 

 

5. Results 
5.1. Neural Networks Models Evaluation 

Table 2 summarizes the performance of five neural 

network configurations. These models vary in hidden 

layers, neurons, and training epochs to identify the 

optimal structure for accuracy and stability. The 

proposed model achieves an RMSE of 0,01046 and 

0,0533 relative to the geometric solution, validating its 

precision.  

Therefore, the ensemble of three neural networks has 

reduced the variability of predictions and improved the 

fit compared to a single MLP [53]. Concretely, for any 

desired position in Cartesian coordinates (𝑋, 𝑌) within 

the robot’s workspace, the model accurately predicts the 

required joint angles 𝜃1 and 𝜃2, effectively replacing the 

analytical computation of inverse kinematics. 

 
Table 3 Validation metrics of the neural network models (Authors) 

Model Neurons Layers Epochs Error (RMSE) 

Model 1 200 1 128 
𝜃1 = 0, 9904° 

𝜃2 = 0, 6722° 

Model 2 250 2 59 
𝜃1 = 0, 2525° 

𝜃2 =  0, 1714° 

Model 3 250 3 39 
𝜃1 =  0, 2495° 

𝜃2 = 0, 1253° 

Model 4 250 3 100 
𝜃1 =  0, 1365° 

𝜃2 = 0, 1209° 

Ensemble 

Model 5.1 
250 3 100 

𝜃1 = 0, 1046° 

𝜃2 =  0, 0533° 

Ensemble 

Model 5.2 
250 2 59 

Ensemble 

Model 5.3 
100 3 39 

 

Model 5 was constructed as an ensemble, averaging 

the predictions of three previously trained neural 

networks to reduce fluctuation and enhance overall 

accuracy. To validate this approach, trajectories 

generated from the estimated joint angles were 

compared against the analytical geometric solution, as 

table 3 shows, using the Windows logo as a benchmark. 

As shown in Figure 13, the ensemble model 

demonstrates superior precision in tracking the reference 

trajectory compared to individual MLP configurations. 

While the full methodology regarding dataset 

generation, hyperparameter tuning, and ensemble 

construction is detailed in [46], this work adopts the 

validated framework to focus specifically on its real-

time integration within the proposed robotic system. 

 

  
Figure 13. Comparison of geometric inverse 

kinematics and neural networks models trajectories 

(Authors) 

 

Figure 14 presents a comparison of the angles 𝜃1 and 

𝜃2  generated by the five models against those computed 

by analytical inverse kinematics across all 316 points of 

the Windows logo trajectory. The ensemble model 

exhibits the lowest angular deviation throughout the 

entire path, confirming its superior performance. 

 

 
Figure 14. Comparison of geometric inverse 

kinematics and neural networks models angles 

(Authors) 

 

5.2. Cascade Control Performance 

The controller tuning procedures, based on the Smith 

two-point and relay methods, were performed during the 

no-load characterization stage for each actuator. The 

resulting PI parameters were then validated under load 

conditions, during which the controllers were subjected 

to the dynamic loads imposed by the manipulator links 

and transmission mechanisms. To validate the 

effectiveness of the implemented cascade control 

system, independent experimental tests were conducted 
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on both joint actuators. These tests enabled the 

evaluation of the dynamic behavior of each loop 

(current, speed, and position) in terms of settling time, 

overshoot, and steady-state error. 

 

5.2.1. Motor 1 

Table 4 presents data from the characterization of the 

three loops (current, speed, and position) of motor 1 

using Smith and Relay methods. 

 
Table 4 Motor 1 characterization (Authors) 

Loop Method Value 

Current 
Smith (two 

points) 
𝐺(𝑠) =

1,47

0,04515𝑠 +  1
⋅ 𝑒0,00475𝑠 

Speed Relay 

𝑇𝑢  =  0,718 s 

𝑑 =  75 mA 

𝐴 = 6,7 rpm 

𝜀 = 6 rpm 

𝐾𝑢 = 32,0273 mA/rpm 

Position Relay 

𝑇𝑢  =  0,912 s 

𝑑 =  12 rpm 

𝐴 =  23,6 ° 

𝜀 = 20° 

𝐾𝑢 = 1,2195 rpm/° 

 

Table 5 details the gains used in the cascade 

controller for motor 1, for each of the PI loops. 

 
Table 5 Motor 1 tuning (Authors) 

Control loop 𝑲𝒄 𝑲𝒊 

Current 27,5349 20,5069 

Speed 7,8878 4,2381 

Position 0,3424 3,6593 

 

Figure 15 shows the step response of the cascade 

controller for motor 1 with a step input of 20°, 

demonstrating the effective performance of the 

controller in accurately and stably reaching the setpoint. 

 

 
Figure 15. Response of the cascade controller for 

motor 1 position (Authors) 

 

In order to evaluate the performance of the cascade 

controller for motor 1, performance metrics such as 

RMSE, IAE, and ITAE were calculated (see Table 6). 

All three-performance metrics are low, indicating that 

the cascade controller exhibits high precision (RMSE), 

minimal accumulated total error, meaning it corrects 

rapidly (IAE), and fast convergence to the setpoint with 

a low steady-state error (ITAE). 

 
Table 6 Metrics for Motor 1 (Authors) 

Metric Value 

RMSE 4,7184° 

IAE 1.0531𝑥104 ° 

ITAE 5.1058𝑥106 °  

 

5.2.2. Motor 2 

Table 7 presents the data from the characterization of 

the three loops (current, speed, and position) of motor 2 

using the Smith and Relay methods. 

 
Table 7 Motor 2 characterization (Authors) 

Loop Method Value 

Current 
Smith (two 

points) 
𝐺(𝑠) =

1,49

0,0585𝑠 +  1
⋅ 𝑒0,00458𝑠 

Speed Relay 

𝑇𝑢  =  0,533 s 

𝑑 =  75 mA 

𝐴 = 6,7 rpm 

𝜀 = 6 rpm 

𝐾𝑢 = 32,0273 mA/rpm 

Position Relay 

𝑇𝑢  =  0,92 s 

𝑑 =  12 rpm 

𝐴 =  23,72 ° 

𝜀 = 20° 

𝐾𝑢 = 1,1980 rpm/° 

 

Table 8 presents the gains used in the cascade 

controller for motor 2, for each of the PI loops. 

 
Table 8 Motor 2 tuning (Authors) 

Control loop 𝑲𝒄 𝑲𝒊 

Current 4,5652 16,981 

Speed 4,3027 3,0759 

Position 0,4181 4,1374 

 

Figure 16 shows the step response of the cascade 

controller for motor 2 with a step input of 20°, which, 

similarly to motor 1, demonstrates the effective 

performance of the controller in accurately and stably 

reaching the setpoint. 
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Figure 16. Response of the cascade controller for 

motor 2 position (Authors) 

To evaluate the performance of the cascade controller 

for motor 2, the RMSE, IAE, and ITAE were calculated 

(see Table 9). As with motor 1, these three metrics are 

low, indicating proper controller tuning, with small 

deviation, fast response, and good performance in both 

transient and steady-state. 

 
Table 9 Metrics for Motor 2 (Authors) 

Metric Value 

RMSE 5,0435° 

IAE 1,1948𝑥104 ° 

ITAE 6,1163𝑥106 °  

 

5.3. Trajectories 

Figure 17 presents the 2R robot trajectory tracking 

test, carried out to evaluate the performance of the 

cascade controllers for each motor integrated into the 

robotic arm. The angles generated by the neural network 

(𝜃1 and 𝜃2), corresponding to the Windows logo were 

used. These angles were sent to the controllers to 

execute the 2R robot motion, and subsequently, the 

angles reached by the robot two joints were obtained 

through the motor encoders. 

 

 
Figure 17. Response of the cascade controllers for 

the Windows logo trajectory (Authors) 

 

At reference points 100 and 250 in Figure 17, a 

zoomed-in view was performed, as shown in Figures 18 

and 19, respectively, in order to visualize and compare 

in greater detail the behavior of the controllers with 

respect to the neural network inverse kinematics. 

 
Figure 18. Zoomed-in view at reference point 100 

(Authors) 

 
Figure 19. Zoomed-in view at reference point 250 

(Authors) 
 

To further evaluate the generalization capability of the 

proposed ensemble MLP-based inverse kinematics 

model, its performance was assessed using an 

independent test dataset. Table 10 summarizes the 

angular prediction error statistics, including the mean, 

minimum, maximum, and standard deviation, 

demonstrating a suitable accuracy and consistency of the 

proposed model on previously unseen data. 
 

Table 10 Neural Network Test-Set Performance (Authors) 

Metrics Values 

Mean 0,05257° 

Minimum 1,15967°𝑥10−5 

Maximum 0,11247° 

Standard 

deviation 
0,02706° 

 

To complement the visual trajectory-tracking results, 

Table 11 presents the Root Mean Square Error (RMSE) 

of the two joint angles during the experimental tests. The 

low RMSE values obtained for both  

𝜃1  and 𝜃2  confirm the well tracking accuracy achieved 

by the proposed cascade control and ensemble MLP-

based inverse kinematics approach. 
 

Table 11 Trajectory tracking error (Authors) 

Angle RMSE 

𝜃1  0,05912° 

𝜃2 0,07197° 
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5.4. Graphical User Interface and Contour Tracing 

To facilitate interaction between the user and the 

robotic arm, a Graphical User Interface (GUI) was 

developed, serving as a link between information 

processing and the physical execution of the trajectories. 

Its main purpose is to allow the user to define tasks 

intuitively and monitor the system performance in real 

time. 

Figure 20 shows the GUI developed in Qt Designer 

using Python, which integrates image capture, contour 

processing, trajectory visualization, and contour tracing 

functions. This tool serves both as an input and output 

peripheral, providing data related to the generated 

trajectory and the robot status. 

 

 
Figure 20. GUI in image capture and contour 

tracing mode (Authors) 

 

Figure 21 shows the physical result obtained by the 

robot when tracing the contour of the Windows logo. It 

is evident that the cascade control scheme enabled stable 

trajectory tracking, maintaining continuity and 

smoothness in the tracing. This result validates the 

effectiveness of the implemented control strategy, as the 

trajectory defined through the neural network was 

successfully reproduced in the physical prototype. 

 

 
Figure 21. Result of the Windows logo tracing with 

the physical 2R robot (Authors) 

 

5.5. Comparison of Actuators 

Additionally, the performance of the TD-8120MG 

servomotor (integrated with an AS5600 encoder) and the 

cascade-controlled DC motor were evaluated to assess 

their resolution and repeatability in angular positioning. 

In the case of the servomotor, the relationship between 

pulse width and output angle was not completely linear. 

Dead zones were identified between 500 μs to 560 μs 

and 2400 μs to 2500 μs, which limited its effective 

range to approximately 174° instead of the theoretical 

180°. The system achieved a resolution of 0,93° and a 

repeatability error of ±1° under identical PWM signals, 

revealing performance limitations attributed to friction 

and mechanical tolerances (Figure 22). 

  In the DC motor, the system response was evaluated 

under small increments of the angular position setpoint. 

It was observed that the controller maintained the 

steady-state error within ±0,1° for increments of 

0,3°,0,2°, and 0,1°. However, when the setpoint was 

decreased by 0,05°, the steady-state error was affected, 

indicating that the actuator resolution limit under the 

proposed control scheme is 0,1° (Figure 23). 

 

 
Figure 22. Comparison of the servomotor response 

(Authors) 

 

 This comparison underscores the necessity of the 

proposed cascade architecture: unlike the fixed, opaque 

control loops of commercial servomotors TD-8120MG, 

the cascade approach enables direct current regulation. 

This capability allows the system to dynamically adapt 

to varying loads and compensate for nonlinearities, 

effectively overcoming the inherent mechanical 

limitations of standard low-cost actuation. 

 

 
Figure 23. Motor DC response (Authors) 

 

The comparison supports the final design choice by 

demonstrating that the proposed DC motor solution not 

only enables the implementation of the three-level 
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cascade control architecture but also provides superior 

positioning performance compared with the commercial 

TD-8120MG servomotor. The experimental results 

showed better resolution and repeatability for the DC 

motor, confirming that the selected actuation system 

satisfies the accuracy requirements of the proposed 

trajectory-tracking application while preserving the 

flexibility and low-cost characteristics of the embedded 

robotic platform 

 

6. Discussion 
The proposed cascade control architecture is 

evaluated against the well-documented performance 

constraints of conventional PID control in low-cost 

robotic manipulators. By contextualizing the results 

within these established benchmarks, this work 

highlights the inherent limitations of standard PID 

schemes and underscores the effectiveness of the 

proposed hierarchical approach in enhancing trajectory 

tracking accuracy [12] and [13]. The implemented 

cascade control scheme achieved overshoots below 3%, 

settling times close to 1s, and steady-state errors smaller 

than ±0,12∘, which suggests a stable and effective 

response across the tested conditions. While these 

results align with existing cascade control studies for DC 

and BLDC motors [1], [5], [6], and [18], this work 

advances the field by demonstrating the full integration 

of this architecture into a real-time 2R planar 

manipulator, moving beyond of the isolated actuator 

control. 

Furthermore, the trajectory-tracking experiments 

provide a practical validation of the proposed cascade 

control architecture under load conditions. Although PI 

parameters were derived during no-load 

characterization, the system was validated under 

operational conditions. This final testing phase 

subjected the controllers to the full dynamic complexity 

of the robot, specifically accounting for link inertia and 

mechanical loading. The results indicate that the 

controllers maintain consistent tracking performance, 

with minimal settling times and steady-state errors under 

these conditions, suggesting that the proposed tuning 

strategy is effective and well-suited for practical robotic 

applications. 

Although sophisticated control schemes like fuzzy-

PID [11] and evolutionary optimization [2], [8] have 

been documented to enhance robotic performance, the 

proposed cascade architecture offers a pragmatic 

balance between tracking accuracy and computational 

simplicity, as demonstrated through the experimental 

characterization performed in this work. For inverse 

kinematics, the ensemble MLP neural network model 

achieved RMSE errors of 0,1046∘ for 𝜃1 and 

0,0533∘ for 𝜃2. This performance aligns with, and in 

some cases extends, the results documented in industrial 

manipulators using MLP models in [21], real-time Delta 

robots in [24], and neural models applied to SCARA 

configuration in [27] and [28]. 

Similarly, while studies such as [17], [19], and [26] 

highlight the limitations of analytical and numerical 

methods regarding singularities and high computational 

costs, the proposed approach demonstrated that a neural 

network trained with synthetic data can generate smooth 

and accurate trajectories with low computational cost on 

embedded platforms.  

From a practical perspective, the results confirm the 

feasibility of the system for applications in educational 

environments, light automation, and robotic 

prototyping, particularly in tasks involving trajectory 

tracing, visual inspection, or basic manipulation. The 

implementation on STM32 and Raspberry Pi embedded 

platforms is consistent with the trend reported in [9], 

[10], [30], [31], and [33], where the potential of low-cost 

systems to execute real-time control and computer 

vision algorithms is highlighted. 

The assessment of the system for real-world 

industrial environments revealed specific operational 

limitations. Although initial experimental tests were 

conducted under controlled conditions with moderate 

loads, system performance may vary under external 

disturbances, abrupt load changes, or more complex 

dynamics, as noted in [3] and [38]. With a resolution 

close to 0,1∘, this level of precision may still be 

insufficient for high-accuracy industrial processes such 

as fine assembly or precision manufacturing. 

 

7. Conclusions 
The implemented cascade control scheme validates 

the stability and precision of hierarchical current, speed, 

and position loops in the 2R planar manipulator. By 

decoupling system dynamic regulating torque, 

stabilizing response, and ensuring smooth trajectory 

tracking this architecture overcomes the limitations 

inherent to independent PI configurations, such as 

uncontrolled current peaks, speed oscillations, and loop 

interference. 

Experimental characterization via open-loop and 

relay methods enabled systematic PI tuning for each 

subsystem. The resulting performance, characterized by 

overshoots below 3%, settling times close to 1 s, and 

steady-state errors under ±0,12°, confirms the 

effectiveness of the proposed approach for achieving 

stable and repeatable trajectory tracking in low-cost 

robotic platforms. 

For the DC motors with encoders, the cascade 

architecture was evaluated via performance indices for 

the position variable. RMSE, IAE, and ITAE values 

were 0.059, 0.0166 and 0.00262 for Motor 1, and 

0.072, 0.0200 and 0.00313, for Motor 2, respectively. 

These results confirm precise, sustained angular 

regulation. Overall, the cascade controller significantly 

outperforms open-loop control and standard servomotor 

configurations in tracking stability and precision. 
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Replacing analytical inverse kinematics with an MLP 

ensemble for joint reference generation enhances both 

stability and singularity avoidance. The model achieved 

an RMSE of 0.1046° for 𝜃1 and 0.0533° for 𝜃2, 

showing superior accuracy over standalone networks. 

These results validate the proposed integration of 

cascade control and machine learning as a robust, cost-

effective framework for 2R robotic position control. 

The system's current performance is constrained by 

several technical limitations. UART communication 

between Raspberry Pi and STM32 introduces 

deterministic latency, which may affect control 

performance in more demanding real-time applications. 

Additionally, mechanical backlash and the inherent 

workspace limitations of the manipulator restrict 

positioning precision and the reachable operating 

region, respectively. Furthermore, the proposed inverse 

kinematics model was trained using a synthetic dataset, 

and its generalization capability under operating 

conditions significantly different from those represented 

during training has not yet been extensively evaluated. 

Experimental validation was limited to functional 

trajectory-tracking tests and did not include 

comprehensive assessments under varying payloads or 

industrial operating conditions. Future research will 

focus on integrating image processing, supervision, and 

control into a unified ROS-based embedded system, as 

well as developing adaptive algorithms to compensate 

for mechanical nonlinearities, improve robustness under 

varying payloads, and further enhance the generalization 

capability of the proposed approach 
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